Structural identification (St-Id) is an effective structural evaluation approach for health monitoring and performance-based engineering. However, various uncertainties may significantly influence the reliability of St-Id. This paper presents ambient vibration measurements to develop a baseline model for a newly constructed arch bridge over Hongshui River in Guangxi, China. In this study, modal parameter identification was performed using the random decrement (RD) technique together with the complex mode indicator function (CMIF) algorithm, and the results were compared to those from stochastic subspace identification (SSI). First, a three-dimensional (3D) finite element (FE) model was constructed to obtain the analytical frequencies and mode shapes. Then, the FE model of the arch bridge was tuned to minimize the difference between the analytical and experimental modal properties. Three artificial intelligence algorithms, i.e., simple genetic algorithm (SGA), simulated annealing algorithm (SAA) and genetic annealing hybrid algorithm (GAHA), were proposed for calibrating uncertain parameters. The simulation results showed that GAHA exhibited the best performance among the three methods and that the large-scale arch bridge could be efficiently calibrated using the hybrid strategy that combines SGA and SAA. To verify the admissibility of the calibration procedure, a sensitivity analysis was performed for the Young's modulus of the steel girders, and the relative error for the static deformation of the bridge deck was determined. Finally, to verify the accuracy of the results, the multi-model updating method based on Bayesian statistical detection was analyzed for further validation. Through a detailed St-Id study using precise modeling, operational modal analysis (OMA) and three artificial intelligence algorithms, the authors confirmed the accuracy of the updated FE model for further structural performance prediction. We wish to note that this is a slightly over length paper (9 printed pages). We feel strongly that reducing the size of the manuscript would compromise the quality, clarity, and comprehensiveness of the material presented. 
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INTRODUCTION 24
The characterization of long-span bridges has received increasing attention in recent years not only because of 25 the degradation of many structures and the limitations of traditional assessment approaches but also because 26 of the increasing complexity of new bridges (Magalhães et al. 2008 ). Structural identification (St-Id), as 27 proposed by Liu and Yao (Hart and Yao 1977; Liu and Yao 1978) , is a systematic approach for characterizing 28 the structural behavior of an unknown system based on the input and output test data. St-Id has been used for 29 numerous applications, including condition assessment and maintenance management. The St-Id framework 30 involves six basic steps: observation and conceptualization, a priori modeling, controlled experimentation, 31 processing and interpretation of data, model calibration and parameter identification, and using the model for 32 simulations (Catbas et al. 2013) . 33 In the third step of St-Id, ambient vibration tests take advantage of natural excitation sources such as traffic, 34 wind, micro tremors and combinations. The application of ambient vibration tests are cost-effective due to no 35 uncertainty and described mitigation approaches based on the St-Id of a long-span steel arch bridge. In the fifth step of St-Id, the FE model updating entails tuning the model so that it can better reflect the 63 measured data from the physical structure being modeled (Friswell et al., 1995) . Model updating methods can 64 basically be classified into direct methods and iterative methods based on whether the methods modify the 65 elements of the system matrices (mass, stiffness and possibly damping matrices) directly or tune model 66 parameters (e.g., structural geometric and material parameters) iteratively. In general, the optimum solution 67 can be obtained by using least-squares minimization optimization methods, while methodologies based on 68 heuristic stochastic algorithms to solve the optimization problem in St-Id have been employed in recent years: 69 genetic algorithms (GAs), particle swarm optimization (PSO), ant colony optimization (ACO), artificial neural 70 networks (ANN), evolutionary strategy (ES), and differential evolution (DE) 
OBJECTIVE AND SCOPE 86
In this paper, the authors discuss the epistemic uncertainties that were overcome in a recent application of 87
St-Id for a long-span arch bridge. Emphasis is placed on correlating the experimental data and the calculated 88 data and using heuristic expertise to update the physical parameters in a complex FE model. A complete St-Id 89 procedure, including field testing, signal processing, FE model construction, model analysis and automatic 90 parameter identification with the aid of an application programming interface (API), is presented. Field testing, 91 including static testing under truck loads and ambient vibration testing (AVT) under natural excitations, was 92 conducted, and the modal characteristics were extracted using two different identification techniques. A 93 three-dimensional (3D) FE model of the bridge based on the existing drawings, which were verified through 94 an on-site inspection, was analyzed to identify the bridge's analytical characteristics. An objective function 95 was formulated to use the SGA, the SAA and the genetic annealing hybrid algorithm (GAHA) to calibrate the 96 uncertain parameters. All three methods were implemented in MATLAB to automatically achieve multiple 97 parameter identification. A parameter assessment was performed, and the admissibility of the calibrated model 98 was verified to validate the applicability of the entire identification procedure. Finally, a multi-model 99 identification strategy based on the Bayesian interface strategy was used to validate the identified results. 100
BRIDGE DESCRIPTION (STEP 1) 101
The Laihua Bridge is a concrete-filled steel tubular arch bridge built in 2012. It is located in Laibin City, 102 China, and crosses the Hongshui River; the main span of the bridge is 220 m long with a width of 32 m. 
FINITE ELEMENT MODELING (STEP 2) 115

Bridge modeling 116
Building accurate FE models is one of the main challenges in structural analysis. Rational FE modeling must 117 strike a balance between accuracy and calculation efficiency. To mitigate modeling uncertainty, the geometry 118 and member details of FE models should be constructed in strict accordance with the design blueprints and 119 field inspection. An element-level 3D FE model was constructed in the Strand7 analysis software, as shown in 120 sections for the steel tube and the concrete core. To compare these two arch modeling strategies, the 137 deflections of the models were analyzed with 5 trucks placed at ¼ of the span. Generally, the FE model 138 constructed using the general modeling strategy showed better consistency with the field test results and was 139 therefore selected for use in the subsequent sensitivity analysis and model calibration procedure (Fig. 4) . 140
Sensitivity analysis 141
The parameters that the modeling results were most sensitive to were identified to allow the FE model to be 142 iteratively updated; this procedure is typically referred to as sensitivity analysis-based model calibration. In 143 general, the parameters to which a structural model is most sensitive are the material properties and boundary 144 conditions (Aktan et al. 1998). The critical parameters to be analyzed in this study were selected as follows: 145
(1) the Young's moduli of the concrete arch ribs, bridge deck, pedestrian deck, verticals and crash barriers; 146 (2) the Young's moduli of the steel arch ribs and stay cables; and 147 (3) the vertical stiffness boundary conditions at the ends of the bridge deck. 148 Generally, a sensitivity analysis is based on an FE model representation of a physical system and attempts to 149 assess the sensitivity of the objective function to variations in uncertain parameters. This study used two types 150 of objective functions, one concerning deflections under static loading conditions and one concerning modal 151 frequencies, as shown in Eq. (1) and Eq. (2), respectively. 152
where dai represents the deflections predicted by the FE model, dei denotes the experimentally measured 154 values, x refers to the uncertain parameter chosen for the sensitivity analysis, and i denotes the ith 155 measurement point in the full static test. 156
where fai represents the frequencies predicted by the FE model, fei represents the frequencies calculated by the 158 SSI method, x refers to the uncertain parameter chosen for the analysis, and i denotes the ith considered mode. 159 Modal assurance criteria (MACs), as shown in Eq. (3), were used to evaluate the correlations between mode 160 shapes. 161
where Φai represents the mode shape predicted by the FE model, Φei represents the mode shape identified by sensitive parameters identified using the static load data and the modal data were the same, and the two 168 different objective functions showed similar trends with respect to variations in the boundary conditions. 169
DYNAMIC AND STATIC TESTS (STEP 3) 170
Ambient vibration testing 171
Prior to the official opening of the bridge in June 2013, full-scale AVT was conducted on the Laihua Bridge, 172 and dense instrumentation layouts were established on the bridge deck and the arch ribs in the vertical and 173 lateral directions. An LMS Cadax 8 data acquisition system with 8 channels was used to simultaneously 174 record the ambient vibration signals. KD12000L ultra-low-frequency accelerometers (20 V/g) were installed 175 on the bridge deck and arch ribs; of these accelerometers, 6 were moved among various measurement points, 176 while the other 2 were used to establish fixed reference points (Fig. 6) . The reference points were selected 177 according to the preliminary information obtained from a modal analysis of the FE model to avoid placing the 178 measurement instruments on modal node points. A sampling frequency of 512 Hz was chosen, and each 179 dataset was collected for a duration of 15 minutes. As shown in Fig. 7 , the average signal levels for all the 180 channels in the vertical direction were approximately 3 times higher than those in the transverse direction. 181
Full static load testing 182
Diagnostic load testing, such as truck load tests, is an independent experimental tool in St-Id and can be 183 regarded as complementary to global modal testing. When properly conducted, static load tests provide 184 excellent verification of the AVT results and serve as a valuable tool for exploring the localized characteristics 185 of a bridge. Static load tests of the Laihua Bridge were conducted using a level gauge on the bridge deck to 186 measure its deformation and a general total station to measure the deflections of the arch ribs. Full static load 187 tests were performed for 20 different cases in different configurations. Trucks with known wheel loads were 188 positioned at 1/4 of the bridge span, and the corresponding displacements were measured. 189
DYNAMIC SIGNAL PROCESSING (STEP 4) 190
Dynamic signal analysis 191
In OMA, the structure is excited by unknown input forces (such as wind, traffic, earthquakes and waves), and 192 only output data are acquired. A data quality check should be conducted first to ensure a reliable OMA. The 193 quality of the data was evaluated by visually inspecting both the time and frequency domains using the fast 194 Fourier transform (FFT) technique. Spurious responses in the time history of each channel were removed to 195 preserve the maximum acceptable response data. 196 In many previous applications of dynamic signal analysis, a number of missing modes or sporadic modes have 197 appeared or disappeared depending on the various pre-and post-processing techniques. The reasons for such 198 modes and the reliability of intermittent modes are fundamental questions that continue to challenge OMA. The uncertainty introduced by the presence or absence of such modes is difficult to address using probability 
Operational modal analysis 204
The basis of the CMIF method is the singular value decomposition (SVD) of a multiple-reference function 205 matrix, while the SSI method is based on the discrete state-space formulation that represents the dynamic 206 system behavior. Previous research on these two identification approaches includes studies performed by Shih indicates consistency in the modal frequency estimations (Fig. 8) . For most long-span bridges, the frequency 210 range of interest lies between 0 and 10 Hz, which contains most of the relevant modal characteristics. The 211 identified natural frequencies and mode shapes of the first 10 vibration modes are summarized in Tables 1 and  212 2. The identified damping ratios are very low, which is consistent with the results of previous St-Id studies of 213 long-span arch bridges (Ren et al., 2004) . 214
Mode coupling 215
In this study, ambient vibration signals were measured in the vertical and transverse directions. Because of the 216 number of sensors and the different signal-to-noise ratios typically associated with different response 217 directions, it is common to post-process datasets to obtain two-dimensional (2D) mode shapes in each 218 direction separately. However, strong spatial coupling was evident in the vibrations of the bridge deck and 219 arch ribs, indicating that the 2D post-processing approach might be not sufficient for revealing the actual 220 behavior of the structure in multiple directions. Fig. 9 shows the spatial mode coupling at 2.503 Hz, and Table  221 3 specifies several of the coupling modes of the bridge deck and arch ribs. 222
OPTIMIZATION METHODS AND MODEL CALIBRATION (STEP 5) 223
Artificial intelligence algorithms 224
The SGA is a bionic random algorithm that mimics the biological process of natural genetics and natural selection 225 improved by making local changes with a probability that depends on temperature. This method was first 230 introduced by Kirkpatrick et al. (1983) , and it has been widely applied to large-scale combinatorial problems 231 strengths of SGA and SAA has led to the development of a hybrid method to achieve a more efficient search for 233 complex combinatorial problems (Blum and Roli 2008). In the proposed GAHA, the optimization operators, the 234 fitness evaluation function, and SAA integration strategies are designed to improve the convergence, as illustrated 235 in Fig. 10 . In the early stage, the GAHA performs a parallel search with high efficiency to avoid premature 236 convergence, and in the later stages, a fine-tuned search can be achieved using the SAA. GAHA has been applied to 237
Global calibration 240
In this study, model calibration through non-linear optimization was coded in MATLAB and applied with the 241 help of an API. The API technique enables users to create and calibrate model parameters in Strand7 through 242 coding in MATLAB; another advantage of the API is its ability to link to MATLAB toolboxes. For general 243 calibration, it is assumed that the field test data are reliable, and an absolute percentage error for the modal 244 frequencies, as illustrated in Eq. (2), is used. As presented earlier, the sensitivity analysis revealed 5 245 parameters with significant relative importance. Among these parameters, the thickness of the pedestrian deck, 246 which is regarded as a certain parameter in the real structure, could be selected to validate the applicability of 247 the optimization methods. Three artificial intelligence algorithms were used to search for the global minimum 248 value of the objective function. The selected parameters were estimated in each generation, and the 249 optimization procedure was terminated when a predefined number of generations was reached. Compared 250 with the SAA, the SGA and GAHA may both be more computationally demanding and more accurate. It is 251 possible for the SAA to converge on an infeasible design because it begins from a random point and then 252 works its way toward the minimum, meaning that a local minimum is more likely to be reached. 253 In this study, the SGA and GAHA methods were applied based on an initial population consisting of 50 254 individuals with 50 generations and a generation gap of 0.9. In practical applications, SAA requires a 255 relatively small number of parameters, including the cooling ratio (α), the maximum number of iterations 256 (MAXITER), the maximum number of generations (MAXGEN), and the initial and final temperatures T0 and 257
Tf, respectively. In this study, these parameters were defined empirically as follows: T0=90, Tf=-10, 258 MAXGEN=100, MAXITER=8, and α=0.98. As each generation develops, the value of the objective function 259 for the current state is denoted by Ei, and the value after the application of a perturbation mechanism is 260 denoted by Ej. The perturbation will be accepted with a probability p given by 261
where b is a constant, p is to be compared with a randomly generated number between 0 and 1, and T 263 represents the temperature that slowly decreases from one generation to the next. If p>rand(1), then the 264 perturbation is accepted. During each generation, multiple iterations (8 in this study) are performed to ensure 265 that a superior solution can be reached. 266
Identified results 267
The previous sensitivity analysis revealed that the modal frequencies and static load deflections are 268 significantly affected by the vertical stiffness at the ends of the bridge deck. In the initial FE model, the 269 boundary condition was represented by separate spring-damping elements constrained in the vertical direction. 270 Rigid links were used in the transverse and longitudinal directions to simulate the interfaces of adjacent bridge 271 deck sections. After calibration, the bearings in the vertical direction were assumed to be pinned, which agrees 272 well with the field test results. The second step of calibration was to update the uncertain parameters in the 273 initial model to align with the frequencies identified via OMA. The evolution processes of SAA, SGA and 274 GAHA are shown in Fig. 11 , in which the solid line represents the optimal solution in each generation and the 275 dotted line represents the average objective function value of the entire population in each generation. The 276 ratios of the optimal value of each parameter after calibration relative to the initial design value are presented 277 in Fig. 12 . Among the updated models obtained in this way, the model calibrated using the GAHA method 278
showed much better agreement with the OMA results. The changes in the selected parameters to be updated 279 are listed in Table 4 , and the final analytical frequencies after calibration are given in Table 5 . One important 280 concern in model calibration is to check the physical meanings of the uncertain parameters against typical 281 observations in practice. The updated values of the Young's modulus of the concrete arch ribs decreased, 282 while all other values increased, which is consistent with the possibility that the concrete in the steel tubes 283 may not be completely compact and the fact that the dynamic modulus of concrete is larger than its static 284
modulus. 285
ADMISSIBILITY CHECK 286
A model admissibility check, which consists of two steps, was conducted as a validation procedure to evaluate 287 whether the calibrated model was suitable for simulating the real structure. The reliability of the changes to 288 the initial FE model and good agreement between the numerical and experimental data must be checked but 289 are not sufficient for a physically meaningful updated model. In this paper, the Young's modulus of steel was 290 generally regarded as a near-deterministic parameter. After global correlation, the error index was minimized 291 when the Young's modulus was set to its nominal value. After calibration, the changes to all uncertain 292 parameters were found to be less than 20%, which is acceptable considering the epistemic uncertainties. 293 Moreover, as a deterministic parameter in the real structure, the thickness of the pedestrian deck remained 294 close to its nominal value after calibration with all three algorithms. Afterward, a sensitivity analysis 295 considering the modulus of the steel girders, which was known to be nearly deterministic, was performed. 296 Unlike the initial FE model, the objective function values of the calibrated models were minimized when the 297
Young's modulus of the steel girders was set to its nominal value, as shown in Fig. 13(a) . Moreover, the 298 deflections of the bridge deck were also checked, and the relative error at every measurement point in the 299 static load tests was determined. Generally, the relative errors between the measured and simulated deflections 300 were reduced from 10% to 5% (Fig. 13(b) ). 301
DOUBLE VALIDATION BY THE MULTI-MODEL APPROACH 302
Since the presence of two different kinds of uncertainties, the challenges are associated with errors and 303 parameter compensation inherent to inverse tasks. Multi-Model approach is developed (Raphael et al. 1998 ) 304 after all sources of uncertainties have been explicitly taken into account. The difference of he deterministic 305 model updating approach lies in it searches for multiple candidate models that explain the measurements taken 306 from a structure. By studying a number of candidate models consisting of variables representing key 307 uncertainties, all possible structural parameter sets and various uncertainties are investigated. Thus, structural 308 prediction using the multi-model method is more realistic for supporting a risk-based decision-making process. 309 Model fragments partially describe components and physical phenomena, and a complete model is created by 310 combining fragments that are compatible (Smith et al. 2008) . To model the behavior of structures, the 311 fragments represent support conditions, material properties, geometric properties, nodes, elements, and loads. 312 The multi-model St-Id method uses multiple models to predict the measured results; the key step is to select 313 the correct models from the model clusters. A group of FE models that matches the real structural response 314 can be incorporated to identify correlations and clusters of the candidate model populations that can be 315 employed in the current framework for more efficient St-Id. Over the past 15 years, the research team led by 316 Professor Smith has conducted a series of preliminary studies of multi-model system identification (Raphael et assessment of structural condition and robust prediction of future structural responses . 325 In this section, the multi-model method was used to validate the accuracy of the single model updating 326 method results. Based on the Bayesian statistical detection and error analysis, the multi-model updating builds 327 random model cluster using random sampling. Through the FE model analysis of different models, the 328 likelihood function can be built on the error(s) between the measured data and the FE model analysis results. 329 Finally, the posterior probability can be calculated from the prior probability and likelihood function based on 330 parameters. The denominator is the Bayes factor, which can be regarded as the 337 marginal probability distribution and can be calculated according to the law of total probability. 338
is a constant that is called the evidence or Bayesian factor. In this paper, MATLAB software 340 was used for random sampling of model fragments. Based on prior experience, the prior distribution is shown 341 in Table 6 where Ec, Es, Ed, Ep and Th represent previously defined parameters. The Monte Carlo sampling 342 method was used for individual parameter sampling to generate 3000 FE models. Since each model fragment 343 was sampled individually, the prior probability of each model equals the product of multiplying each model 344 fragment. The modal frequency prediction error equals the sum of the random errors and the measurement 345 errors. The prior seven modes were used for the likelihood function calculation. According to the 95% 346 confidence interval using the Gaussian distribution, the model can be accepted if the relative error lies within 347 the double of the difference between the relative prediction result and the experiment result. (That is, the 348 modal frequency error is less than 4%, and the MAC value is larger than 0.8). The posterior distribution of the 349 model fragment can be calculated using Fig. 14 . The parameter identification results are presented in Table 6 , 350 which shows that they are close to the single model updating results. 351
CONCLUSIONS 352
A complete St-Id study on a long-span concrete-filled steel tubular bridge was presented in this paper with a 353 focus on mitigating various uncertainty factors in the initial model. By systematically performing full-scale 354 AVT and static load testing, the physical properties in the FE model were updated in detail through calibration 355 using three different optimization methods. Based on the research results, the main conclusions are as follows: 356 (1) Recognizing and mitigating sources of aleatory uncertainty is critical for reliable St-Id. Therefore, after an 357 initial 3D FE model was established, a careful investigation of the critical bridge members as well as the 358 interaction of the bridge deck and arch ribs was performed to mitigate modeling uncertainties. A sensitivity 359 analysis considering the results of both static and modal tests is a powerful means of identifying highly 360 uncertain parameters. Given that epistemic uncertainty governs the behavior of long-span bridges in St-Id, the 361 application of an analytical process consisting of precise 3D FE modeling and field tests is helpful for the 362 reliable St-Id of complex real structures. 363 (2) Due to a number of missing modes or spurious modes that appeared or disappeared depending on the pre-364 and post-processing techniques used, various OMA techniques were used to reduce the measurement errors 365 induced by signal processing. The results of two independently applied methods (RD+CMIF and SSI) showed 366 excellent agreement, confirming the overall applicability of the AVT and OMA procedure. 367 (3) After model calibration using 3 different artificial intelligence algorithms (SGA, SAA, and GAHA), the 368 optimal values of the parameters were identified to avoid the parameters trapping into local minima. The 369 high-resolution bridge FE model is constructed in Strand7 software, which interfaced with three optimization 370 techniques in Matlab software to update the multiple bridge parameters automatically. Among the updated 371 models, the model calibrated using the hybrid method, combining the advantages of SGA and SAA, showed 372 the best agreement with the AVT results as well as the best performance in a modal admissibility check. After 373 calibration, the average error between the analytical and experimental frequencies was reduced to 1.53%, and Table 1 . Comparison of experimental and analytical frequencies 2 Table 3 . Spatial coupling of the bridge deck and arch rib vibrations in certain modes 4 Table 4 . Parameters of the FE model before and after calibration using GAHA 5 Table 5 . Analytically identified natural frequencies before and after model updating 6 Table 6 . Prior probability of the model fragments Click here to download Figure Fig 1. pdf Click here to download Figure Fig 2. pdf Click here to download Figure Fig 3. pdf Boundary conditions using the modal test data, (e) Thickness of the pedestrian deck using the static test data, 65 and (f) Thickness of the pedestrian deck using the modal test data 66 67 
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